Accurate assessment of agricultural drought risk is of strategic significance to ensure future grain production security in the main grain production areas of China. Agricultural drought risk assessment is based on drought vulnerability characteristics. In this study, firstly the drought thresholds were redefined by correlation analysis of drought strength based on the Standardized Precipitation Evapotranspiration Index (SPEI) and drought damage rates, then the information distribution and the two-dimensional normal information diffusion method were employed to establish the vulnerability curve between drought strength and drought damage rates. Finally, provincial drought risks and the conditional probabilities at different drought damage stages were obtained. The results show that the drought vulnerability curve was nonlinear. With the increase of drought strength, drought damage rates increased rapidly at the beginning, and after a small fluctuation locally, they no longer increased significantly and tended to be relative stable. The occurrence probabilities of agricultural drought risk presented great spatial differences, with the characteristics of high in the northern, moderate in the central and southwestern part, and lower in the southeastern provinces in the main grain production areas of China. The analysis of conditional probability showed that Hubei, Henan, and Jiangxi were the provinces most prone to drought-affected risk under the drought-induced condition; while Liaoning, Hunan, and Inner Mongolia were the ones most prone to lost harvest risk under the drought-induced or the drought-affected condition. The results could be used to provide guidance for drought risk management and to formulate appropriate plans by the relevant departments.
Introduction
Being one of the most reported natural disasters of the last decades, drought often causes severe damages to society, the natural ecosystems, and the economy [1] [2] [3] . Economic losses due to drought are far exceeding other natural disasters almost every year [4] . With rapid population growth, increasing water demand, and limited water supplies, drought is doubtlessly becoming more and more severe and frequent [5] . China is a country vulnerable to drought disaster, which is causing an impediment to sustaining the development of the national economy and social stability [6] . As China is a great agricultural country, the impact of droughts on agricultural yields has gained more and more attention in recent years. The Chinese government has indicated that ensuring the country's food supply is the top priority of all national work, especially in the main grain production areas of China [7] . The food diffuses it to a certain extent, solving the problem of insufficient capacity for small sample events [33, 34] . Based on the method of information distribution and diffusion, this paper regarded drought strength as the drought hazard and drought damage rates as the result of the hazard, and the vulnerability function between them was constructed to analyze drought risk. Furthermore, conditional probabilities under different drought risk stages were analyzed, for there were few researches on the conditional probability of drought risk ever since.
In view of this, this paper starts by describing the study area, data, and methodologies. Then, after the drought thresholds are redefined by correlation analysis, the vulnerability relationship between drought strength calculated by SPEI and agriculture drought damage is established by information distribution and diffusion methods, and the provincial drought risks in the main grain production areas of China are calculated. Lastly, a discussion is employed and the basic conclusions of the full text are given.
Materials and Methods

Materials
Study Region
The major grain production areas of China are mainly distributed in 13 provinces, covering an area of approximately 3.82 million km 2 , or 39.8% of China, lying between latitudes 24 • 26 N and 53 • 04 N and longitudes 97 • 12 E and 134 • 43 E. The 13 provinces include Liaoning, Hebei, Shandong, Jilin, Inner Mongolia, Jiangxi, Hunan, Henan, Hubei, Jiangsu, Anhui, Sichuan (including Chongqing), and Heilongjiang (shown in Figure 1 ). According to the State Administration of Grain, the main grain production areas contribute about 75% of the country's total output, and about 95% of the country's total grain increment. It is obvious that the food security in China's major grain-producing areas has a vital impact on national security. Therefore, it is very crucial to have accurate evaluation of the agricultural drought risk to ensure future grain production security in the major grain production areas.
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Materials
Study Region
The major grain production areas of China are mainly distributed in 13 provinces, covering an area of approximately 3.82 million km 2 , or 39.8% of China, lying between latitudes 24°26′ N and 53°04′ N and longitudes 97°12′ E and 134°43′ E. The 13 provinces include Liaoning, Hebei, Shandong, Jilin, Inner Mongolia, Jiangxi, Hunan, Henan, Hubei, Jiangsu, Anhui, Sichuan (including Chongqing), and Heilongjiang (shown in Figure 1 ). According to the State Administration of Grain, the main grain production areas contribute about 75% of the country's total output, and about 95% of the country's total grain increment. It is obvious that the food security in China's major grain-producing areas has a vital impact on national security. Therefore, it is very crucial to have accurate evaluation of the agricultural drought risk to ensure future grain production security in the major grain production areas. According to the difference in planting structure, the study area can be divided into the main grain production areas of north China (including Hebei, Liaoning, Jilin, Heilongjiang, Shandong, Henan, and Inner Mongolia provinces) and the main grain production areas of south China (including Hubei, Jiangsu, Anhui, Sichuan Jiangxi, Hunan provinces). As shown in Figure 2 , the grain output continued to increase from 1961 to 2017 in different regions and the national total grain output reached about 661 million tons in 2017. From the regional perspective, the proportion of grain yield in major grain production areas of China increased from 68.2% to 76.1%, where the proportion of grain yield in the north increased from 31.2% to 46.7%, while in the south, it decreased from 37.0% to 30.6%, to the national grain yield from 1961 to 2017. Figure 3 shows that in the main grain production areas of north China, wheat and corn were the main crops (yields counting for 30% and 53%, separately), while the grain yield ratio of rice, potatoes, and beans was relatively small (counting for 11%, 3%, and 3%, separately) in 2017. The ratio of corn and rice yield increased, while wheat, potatoes, and beans decreased from 1961 to 2017. In the main grain production areas of south China, rice played a dominant role (counting for 59%), while the ratio of rice yield decreased and the ratio of wheat and corn increased from 1961 to 2017. According to the difference in planting structure, the study area can be divided into the main grain production areas of north China (including Hebei, Liaoning, Jilin, Heilongjiang, Shandong, Henan, and Inner Mongolia provinces) and the main grain production areas of south China (including Hubei, Jiangsu, Anhui, Sichuan Jiangxi, Hunan provinces). As shown in Figure 2 , the grain output continued to increase from 1961 to 2017 in different regions and the national total grain output reached about 661 million tons in 2017. From the regional perspective, the proportion of grain yield in major grain production areas of China increased from 68.2% to 76.1%, where the proportion of grain yield in the north increased from 31.2% to 46.7%, while in the south, it decreased from 37.0% to 30.6%, to the national grain yield from 1961 to 2017. Figure 3 shows that in the main grain production areas of north China, wheat and corn were the main crops (yields counting for 30% and 53%, separately), while the grain yield ratio of rice, potatoes, and beans was relatively small (counting for 11%, 3%, and 3%, separately) in 2017. The ratio of corn and rice yield increased, while wheat, potatoes, and beans decreased from 1961 to 2017. In the main grain production areas of south China, rice played a dominant role (counting for 59%), while the ratio of rice yield decreased and the ratio of wheat and corn increased from 1961 to 2017. 
Data
The monthly meteorological data used in this study were selected from 158 meteorological stations during 1961-2016 from the China Meteorological Data Sharing Service System (http://cdc.cma.gov.cn/ home.do.), including precipitation, maximum air temperature, minimum air temperature, mean air temperature, relative humidity, wind speed, atmospheric pressure, and sunshine duration, where the missing data of the selected station are no more than 0.1%.
Other factors (breeding techniques, agricultural management techniques, pests and diseases, etc.) other than meteorological factors are related to drought damage. These factors are difficult to quantify, but could reflect on the crop yield eventually. So drought damage rates, including the drought-induced rate (Y 1 ), drought-affected rate (Y 2 ), and lost harvest rate (Y 3 ) of crops, can be used to evaluate the drought damage. From the perspective of agricultural disasters, the drought-induced area can be referred to as the area where crop yields reduced by more than 10% relative to the normal crop yields due to drought, floods, windstorms, frosts, pests, and other natural disasters during the year. When several disasters are suffered, the drought-induced area cannot be double-counted and should be calculated only according to the largest and most severe damage. The drought-affected area can be referred to as the area where crop yields reduced by more than 30% relative to the normal crop yields when suffering from the above natural disasters. The lost harvest area refers to the area where crop yields reduced by more than 70% relative to the normal crop yields when suffering from the above natural disasters [35] . The drought-induced area, drought-affected area, grain production area data from 1961 to 2016 (lack of data in 1965, [1967] [1968] [1969] [1970] , and the lost harvest area data from 1983-2016 in the 13 provinces were obtained from Chinese Plantation Management Department Network (http://www.zzys.moa.gov.cn/).
Methods
Drought Damage Index
The drought damage index can be expressed by the drought damage rate, which is a possibility at a certain drought stage, including drought-induced rate (Y 1 ), drought-affected rate (Y 2 ), and lost harvest rate (Y 3 ) [36] . The calculation formulas were as follows:
where A 1 , A 2 , A 3 , A represent the drought-induced area, drought-affected area, lost harvest area, and grain production area, respectively.
Drought Meteorological Index
The principle of the Standardized Precipitation Evapotranspiration Index (SPEI) uses the degree of the difference between precipitation and potential evapotranspiration (PET), which deviates the average status to represent the regional drought conditions. In this study, the SPEI was used to monitor and quantify the changes of drought conditions in the main grain production area of China.
The SPEI was developed by reference [20] , and is a standardized value of the difference (D i ) of precipitation (P i ) and potential evapotranspiration (PET) for month i:
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Our Estimation of PET is based on the Hargreaves (Hg) equation [37] . The Hg equation requires monthly temperatures (maximum and minimum), monthly mean precipitation, and the latitudinal position of the site. Hargreaves (Hg) equation [37] showed that the use of the Hg method is the best option, especially in regions with limited data. The D i values can be aggregated over different timescales; however, the D i values are first standardized from a three-parameter log-logistic distribution.
The parameters α, β, and r are calculated from probability weighted moments (PWM) and used to determine the log-logistic distribution, which is applied to the D i data set. The SPEI is then calculated as the probability of exceeding a given value of D i :
where p is the probability of exceeding a determined D value, p =1 − F(x). If p > 0.5, p is replaced by 1-p and the sign of the resultant SPEI is reversed. And the constants are C 0 = 2.515517, C 1 = 0.802853, C 2 = 0.010328, D 1 = 1.432788, D 2 = 0.189269, and D 3 = 0.001308. Positive values of SPEI indicate the above average moisture conditions, while negative values indicate the drier conditions [38] . Among them, the drought severity was classified according to the value of SPEI, shown in Table 1 . Crops in different growth periods have different sensitivity to drought, so it is necessary to select appropriate timescales for monitoring a certain drought. Considering SPEI of different timescales from January 1961 to December 2016, taking six timescales into account, including SPEI1 (1-month), SPEI3 (3-month), SPEI6 (6-month), SPEI9 (9-month), SPEI12 (12-month), and SPEI24 (24-month). The Tyson Polygon method, proposed by Dutch meteorologist Thiessen [39] , initially used to calculate the average area rainfall of discretely distributed weather stations, can be applied to calculate the average SPEI value of the selected 13 provinces. The SPEI in each province can be calculated as follows:
f ab x ab (8) where X i is the average SPEI value in the a-th province, x ab is the SPEI value of the b-th station in the a-th province, f ab is the proportion of the area of each Tyson polygon to the area of the province. The values of drought strength can be calculated by Formula (9):
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where F is drought strength in the province, D is the number of months when SPEI values are below the drought thresholds, namely drought duration. Traditionally, the range of drought threshold is determined by the specific value, which only considers meteorological factors and ignores actual disaster losses when defining drought levels. Therefore, the drought threshold was redefined in this paper. At first, the correlation coefficients between F/D and Y 1 , Y 2 , Y 3 are calculated, respectively, when S = [−2.0, −1.9, . . . . . . , −0.1, 0]. Then the drought threshold can be selected corresponding to the maximum correlation coefficient [40] .
Information Distribution and Diffusion Methods
Effective Learning of Samples is one of the Key Aspects of Risk Analysis
In many cases, there are very few samples available, which is called incomplete information. Under this condition, the reliability of the results obtained by the traditional probability and relevant risk analysis conclusions cannot be guaranteed. Fortunately, based on "information distribution" and "information diffusion", the technique of fuzzy information optimization processing was proposed by Huang and Moraga [32] . Compared with the traditional histogram method, the information distribution method can be applied to estimate related real facts, expanding an observation into a fuzzy set, so as to optimally process a small sample, which can make the result more precise. Huang initially utilized information distribution and diffusion methods to estimate the risk of the annual flood disaster. In the study, the information distribution method was applied to estimate the probability distribution, and the normal information diffusion method was used to construct the vulnerability curve. By multiplying the probability distribution and the vulnerability curve and integrating them, the risk of the annual flood disaster in the study area can be calculated. The connotation can be interpreted as the expected value of the proportion of the affected population [41] . The detailed computational process of these methods was illustrated in the following the references [32, 35, 36, 41] . The specific process of this method is as follows:
The observation data of X = {x 1 , x 2 , . . . , x n } is regarded as the sample. The appropriate interval length ∆ is obtained based on the maximum and minimum values in the sample, and the space of monitoring points U = {u 1 , u 2 , u 3 , . . . , u m } corresponding to the sample were generated. The information q ij carried by the point x i in the X is distributed to its corresponding control point space u j by information distribution. The formulas are as follows (10)- (14):
Equation (10) is an empirical equation, where n is the sample number, f max and f min are the maximum and minimum values in the sample, ∆ is the interval length, and q ij is the information carried by the point x i in the X distributed to its corresponding control point space u j . The distribution information Q j can be obtained from the monitoring points u j .
Let:
All distribution information Qj can be obtained from the monitoring point uj, which is called the primary information distribution of F on U.
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Therefore, we can employ Equation (10) to estimate the probability of a drought disaster in magnitude uj.
Two-Dimensional Normal Information Diffusion Method
In the two-dimensional case, the meteorological element x and drought damage index y could be formed into a data set W, as shown in Equation (15):
According to requirements, the interval lengths ∆ x and ∆ y are selected to generate monitoring space for input and output domain T and V, respectively
The information quantity µ ijk carried by the sample point (x i ,y i ) in W can be assigned to the points in T and V by the two-dimensional normal diffusion equation. For any sample (x,y) in the sample set X, the normal distribution method can be used to spread to the input and output domain T, V.
where h is named as normal diffusion coefficient, calculated by Equation (19):
The original information matrix Q can be calculated by Equations (20)- (22) .
Similar to the one-dimensional case, the columns in Q are normalized to form a fuzzy relationship R, whose physical meaning is to characterize the fuzzy relationship between meteorological elements x and drought damage index y. According to the fuzzy approximate reasoning model, the corresponding output dependent variable y can be further generated by inputting the independent variable x. Thereby, a vulnerability function can be established.
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The fuzzy information matrix R is the risk model constructed in this paper. The corresponding output dependent variable is then obtained according to different input arguments. If the input quantity is the determined value x 0 , the corresponding fuzzy set x 0 , can be obtained according to Equation (22):
The output fuzzy set y 0 can be obtained by multiplying the fuzzy set y 0 and the fuzzy matrix R.
A specific value y 0 can be obtained by substituting fuzzy set y 0 into Equation (24).
Due to information distribution and two-dimensional diffusion method, the original small sample data are constructed into a fuzzy matrix that reflects its causal relationship, and then the different independent variables are substituted to obtain the corresponding independent variables, so that the causal relationship between the small samples becomes more precise for solving the problem of insufficient samples.
Vulnerability and Risk Evaluation
The evaluation of the risk of a drought event can be described as the form below:
where R is the risk which can be expressed as the expected value of the loss, H is the hazard-causing factor which is described by the "probability", D is the vulnerability function of hazard-bearing bodies in the face of disasters which indicates the loss, and "•" is a synthesis rule indicating multiplication in this situation [41] . The risk can be calculated by the following equation:
where p(x) is the probability density function of the hazard-causing factor, and f (x) is the hazard-vulnerability function of hazard-bearing body. The risk can be expressed as below when its probability distribution is discrete:
The Conditional Probability of the Risk
If there are two events A, B, then P(A|B) = P(AB)/P(B), the conditional probability is the probability that event A will occur under the condition that event B has already occurred. The conditional probability is expressed as P(A|B). In this study, the probability of a drought-induced event can be expressed as R 1 , the probability of a drought-affected event expressed as R 2 , and the probability of a lost harvest event expressed as R 3 . The conditional probability of drought risk mainly contains the three situations below:
(1) The probability that a drought-affected event will occur under the condition that the drought-induced event has already occurred, expressed as P(R 2 /R 1 ):
(2) The probability that a lost harvest event will occur under the condition that the drought-induced event has already occurred, expressed as P(R 3 /R 1 ):
(3) The probability that a lost harvest event will occur under the condition that the drought-affected event has already occurred, expressed as P(R 3 /R 2 ):
Results
Correlation Analysis Between Drought Strength and Drought Damage Rates
Correlation analysis was employed for choosing the most suitable timescales and thresholds of SPEI corresponding to the drought event in this study. Traditionally, the drought thresholds are determined by specific values (Table 1) , which only considers meteorological factors and ignores actual disaster losses when defining drought stages. In this study, the drought disaster threshold S was redefined by the correlation between drought strength calculated by SPEI at different time scales and drought damage rates, which is more applicable to the study area for improving drought risk assessment. Therefore, the drought thresholds were redefined between meteorological factors and agricultural drought damage, which is more meaningful for actual agricultural production. The correlations between F/D and Y 1 , Y 2 , Y 3 were calculated respectively when S = [−2.0, −1.9, . . . , −0.1, 0], and the S can be selected as the drought threshold corresponding to the maximum correlation coefficient.
Taking Shandong province as an example, Figure 4 presents the correlation coefficients between F/D and Y 1 , Y 2 , Y 3 at the six timescales. D is the number of months when SPEI values were below the drought threshold. F is the accumulation of SPEI values which were lower than the threshold. It is shown that the correlation coefficients between D and Y 1 , Y 2 , Y 3 fluctuated evidently, as shown in Figure 4 (b1-b3), while the correlation coefficients between F and Y 1 , Y 2 , Y 3 fluctuated relatively stably, as shown in Figure 2 (a1-a3). F is the cumulative value of the SPEI values below the drought threshold. Furthermore, F can also reflect D to some extent, according to Equation (2) . Therefore, choosing F as the index of meteorological factor was more appropriate.
Generally, the smaller the SPEI value is, the greater the probability of a severe drought will be. However, it can be seen that the correlation coefficients at different timescales showed an increasing tendency with the increase of S, as shown in Figure 4 (a1-a3), which were not completely consistent with the general results. The major reason for this phenomenon is that drought strength was the cumulative value of SPEI, which was less than the threshold S. In other words, drought strength was not only related to the value of SPEI, but also with the number of SPEI values below S. In Figure 4 (a1-a3), it is obvious that the correlation coefficients at the timescales of SPEI6, SPEI9, and SPEI12 were larger than those at other timescales. Therefore, to ensure the stability and reliability of the drought vulnerability characteristics with respect to risk, the timescales of SPEI6, SPEI9, and SPEI12 and the thresholds corresponding to the maximum correlations between drought strength and drought damage rates were selected for further analysis in Shandong province. At the timescales of SPEI6, SPEI9, and SPEI12, the maximum correlation coefficients between F and Y 1 were 0.49, 0.48, and 0.47, with the corresponding thresholds being −0.4, −0.1, and −0.6; the maximum correlation coefficients between F and Y 2 were 0.57, 0.59, and 0.59, with the corresponding thresholds being −0.4, −0.4, and −0.6; while the maximum correlation coefficients between F and Y 3 were 0.65, 0.70, and 0.68, with the corresponding thresholds being −1.2, −0.4, and −0.7, respectively. larger than those at other timescales. Therefore, to ensure the stability and reliability of the drought vulnerability characteristics with respect to risk, the timescales of SPEI6, SPEI9, and SPEI12 and the thresholds corresponding to the maximum correlations between drought strength and drought damage rates were selected for further analysis in Shandong province. At the timescales of SPEI6, SPEI9, and SPEI12, the maximum correlation coefficients between F and Y1 were 0.49, 0.48, and 0.47, with the corresponding thresholds being -0.4, -0.1, and -0.6; the maximum correlation coefficients between F and Y2 were 0.57, 0.59, and 0.59, with the corresponding thresholds being -0.4, -0.4, and -0.6; while the maximum correlation coefficients between F and Y3 were 0.65, 0.70, and 0.68, with the corresponding thresholds being -1.2, -0.4, and -0.7, respectively. The maximum correlations and the corresponding thresholds can also be calculated in the other provinces according to the above-mentioned steps. The maximum correlation coefficients between F and Y 1 , Y 2 , Y 3 at the top three timescales in each province were shown in Table 2 and the thresholds corresponding to maximum correlation coefficients are shown in Table 3 . Conclusions can be drawn that the most suitable timescales, the maximum correlations, and the thresholds for monitoring drought varied among the provinces, mainly due to the different cropping system and crop species across the study area. Most of the maximum correlations at the timescales of SPEI1, SPEI3, SPEI6, SPEI9, and SPEI12 passed a confidence level of p = 0.05, and even passed a confidence level of p = 0.01. However, only the correlations between F and Y 1 of Heilongjiang and Henan provinces were not satisfied; the maximum correlation coefficients did not pass the confidence level of p = 0.05 at almost any timescales. 
Note: S 1 , S 2 , S 3 represent the thresholds when it was under drought-induce, drought-affected, and lost harvest conditions, respectively.
Due to the diversity of the disaster-caused factors and risk-bearing bodies, the relationship between F and Y 1 , Y 2 , Y 3 could not be analyzed by a simple regression method, but should be analyzed by a nonlinear analysis method. Meanwhile, the calculation sequences were short, as the length was only 50. Hence, the information distribution and the two-dimensional normal information diffusion method were selected to analyze the vulnerability relationship between F and Y 1 , Y 2 , Y 3 .
The Vulnerability Curve Between Drought Strength and Drought Damage Rates
In this study, the information distribution and the two-dimensional normal information diffusion method were employed to construct the vulnerability relationship between F and Y 1 , Y 2 , Y 3 . Take Shandong province for example, at the timescale of SPEI6, the F from 1961 to 2016 (except for 1965, 1967-1970) was calculated as follows: F = {q 1 , . . . , q 50 } = {0.827, . . . , 0.000}, according to Equation (9) . By Equation (10), the interval length ∆ was obtained as 1.95. In order to blur the boundary of the histogram, the F was sorted in ascending order, and a control point was added at each end of the histogram. Therefore, the starting point of the histogram was 0 and the end point was 19.5, with the intervals 1.95. Thenm the frequency of the control point of F can be obtained according to Equations (11)- (14) . The frequency can be regarded as probability, where P = {P (u 1 ), P (u 2 ), P (u 3 ), ···, P (u 11 )} = {0.2343, 0.2029, 0.1389, . . . , 0.0183}. For the number of monitoring points in information diffusion, the results exhibited little difference between 50, 100, 150, and 200 through calculation, respectively. However, the more monitoring intervals and monitoring points there are, the greater the calculation complexity is. Therefore, 50 monitoring intervals and 51 monitoring points were properly to be selected for further calculation. To reflect the relationship between F and Y 1, the information matrix Q and the normalized information matrix R were calculated according to Equations (15)- (20) . Corresponding to the input value {u 1 , u 2 , . . . , u 11 }, the output values (y 1 , y 2 , . . . , y 11 ) were obtained according to Equations (21)-(24), where Y ={y (u 1 ), y (u 2 ), y (u 3 ),···, y (u 11 )} = {0.2332, 0.2107, 0.2007, . . . , 0.3461}. Then, the 11 discrete points can be connected to a vulnerability curve, which reflects the drought vulnerability relationship between F and Y 1 .
The vulnerability curves of F and Y 1 , Y 2 , Y 3 at the timescales of SPEI6, SPEI9, and SPEI12 were illustrated in Shandong province, respectively ( Figure 5 ). It is obvious that the vulnerability lines were all nonlinear. The distinction between the vulnerability characteristics of the same drought damage rates at different timescales was slight, indicating that the vulnerability results in this study were reliable. The vulnerability lines displayed that Y 1 , Y 2 , Y 3 increased rapidly with the increasing of F at the beginning, and after a small fluctuation locally, they no longer increased significantly and tended to be relative stable. This indicates that as the continuous aggravation of meteorological drought increased, the drought damage did not continuously increase significantly and tended to be relatively stable gradually, which was almost consistent with the realistic situation [35, 42] . Some drought-resistance measures were adopted to resist the spread of drought, including storing water through agriculture water conservancy projects or utilizing precipitation forecasts to prevent the occurrence of agriculture drought. Likewise, the vulnerability curves of other provinces in the main grain production areas of China can also be obtained using the information distribution and the two-dimensional normal information diffusion methods. The vulnerability curves exhibited roughly similar variation trends, while they also appeared slightly difference due to their unique drought-causing factors and drought-bearing bodies among the provinces. Meanwhile, as the meteorological data are predictable, the drought damage rates corresponding to the meteorological conditions can be obtained by substituting the drought strength into the information matrix R U*V , which can be used as an annual forecast of drought risk to some extent. Figure 5 . The vulnerability curve between drought strength and drought-induced rate, droughtaffected rate, and lost harvest rate in Shandong province. (a1-a3) The vulnerability curve between drought strength calculated by SPEI6, SPEI9, and SPEI12 and drought-induced rate, respectively; (b1-b3) the vulnerability curve between drought strength calculated by SPEI6, SPEI9, and SPEI12 and drought-affected rate, respectively; (c1-c3) the vulnerability curve between drought strength calculated by SPEI6, SPEI9, and SPEI12 and lost harvest rate, respectively.
Agriculture Drought Risk Analysis
The provincial agriculture drought risks under different drought damage stages in the major grain production areas of China are shown in Table 3 . The risk values were determined by Equations (27) , where P(ui) was obtained by Equation (14), and F(ui) was the output value obtained by Equation (24) . The drought risk can be understood as the percentage of loss from such drought events in the province.
The average provincial risk values of R1, R2, R3 can be obtained by averaging the drought risk values at different timescales, for little differences among the risk values at the selected SPEI timescales ( Table 3 ). It displayed that the three provinces with the highest drought-induced risk were Inner Mongolia, Jilin, and Liaoning, with the R1 being 0.351, 0.346, and 0.309, while the three provinces with the lowest drought-induced risk were Hubei, Hunan, and Jiangxi, with the R1 being 0.157, 0.156, and 0.093, respectively. The R2 in Jilin, Inner Mongolia, and Liaoning were 0.217, 0.195, and 0.149, which were higher than those in other provinces, while Hunan, Jiangsu, and Jiangxi were 0.089, 0.066, and 0.063, which were lower than others. The R3 in Inner Mongolia had the maximum value of 0.081, followed by Liaoning of 0.066, and Heilongjiang of 0.037, while the R3 in Jiangxi had the minimum value of 0.009, followed by Jiangsu of 0.016, and Hunan of 0.022. 
The provincial agriculture drought risks under different drought damage stages in the major grain production areas of China are shown in Table 4 . The risk values were determined by Equations (27), where P(u i ) was obtained by Equation (14), and F(u i ) was the output value obtained by Equation (24) . The drought risk can be understood as the percentage of loss from such drought events in the province.
The average provincial risk values of R 1 , R 2 , R 3 can be obtained by averaging the drought risk values at different timescales, for little differences among the risk values at the selected SPEI timescales ( Table 4 ). It displayed that the three provinces with the highest drought-induced risk were Inner Mongolia, Jilin, and Liaoning, with the R 1 being 0.351, 0.346, and 0.309, while the three provinces with the lowest drought-induced risk were Hubei, Hunan, and Jiangxi, with the R 1 being 0.157, 0.156, and 0.093, respectively. The R 2 in Jilin, Inner Mongolia, and Liaoning were 0.217, 0.195, and 0.149, which were higher than those in other provinces, while Hunan, Jiangsu, and Jiangxi were 0.089, 0.066, and 0.063, which were lower than others. The R 3 in Inner Mongolia had the maximum value of 0.081, followed by Liaoning of 0.066, and Heilongjiang of 0.037, while the R 3 in Jiangxi had the minimum value of 0.009, followed by Jiangsu of 0.016, and Hunan of 0.022. Figure 6 shows that the spatial distribution characters of R 1 , R 2 , and R 3 among the provinces were nearly identical. The provincial drought risks presented great spatial differences, with the common spatial distribution characteristics of high risk in the northern, moderate in the central part, and low under different drought damage rates in the southern provinces, which were consistent with previous research. Xie et al. employed one-dimensional a normal information diffusion method to identify drought disaster risk in China's major grain-producing areas and obtained provincial drought disaster risk spatial distribution. They concluded that the agricultural drought risk was high in the northern and central parts of China, including Inner Mongolia, Heilongjiang, Jilin, Liaoning, and Hebei, while the agricultural drought disaster risk was lower in the southern provinces of Jiangxi, Jiangsu, Sichuan, and Anhui provinces, which is identical to our analysis conclusions in general [22] . Lu et al. found that the distribution of China drought risk showed a pattern of high in center, and the north areas higher than the south, increased gradually from southwest to northeast [43] . So the results obtained in the research can be trusted. 
The Conditional Probability of the Agricultural Drought Risk
The conditional probability values of P(R2|R1), P(R3|R1), and P(R3|R2) in each province are shown in Table 4 . The P(R2|R1) in Hubei, Henan, and Jiangxi was 0.715, 0.684, and 0.677, which were higher than those in other provinces, while in Heilongjiang, Liaoning, and Jiangsu, it was 0.486, 0.483, and 0.275, which were lower than others. This means that when under drought-induced conditions, Hubei, Henan, and Jiangxi were the most prone to drought-affected disaster; however, Heilongjiang, Liaoning, and Jiangsu were the least prone to drought-affected disaster. The P(R3|R1) in Liaoning had the maximum value of 0.512, followed by Inner Mongolia of 0.414, Hunan of 0.405, and Heilongjiang of 0.285, while the P(R3|R1) in Jilin had the minimum value of 0.134, followed by Jiangsu of 0.136, Henan of 0.171, and Hebei of 0,173. Under the condition that drought-affected risk occurred, Liaoning, Hunan, and Inner Mongolia were the provinces most prone to lost harvest disaster, with the P(R3|R2) being 0.247, 0.231, and 0.230, while Jiangsu, Jilin, and Hebei being the ones least to lost harvest disaster, with the P(R3|R2) being 0.087, 0.084, and 0.037. 
The conditional probability values of P(R 2 |R 1 ), P(R 3 |R 1 ), and P(R 3 |R 2 ) in each province are shown in Table 5 . The P(R 2 |R 1 ) in Hubei, Henan, and Jiangxi was 0.715, 0.684, and 0.677, which were higher than those in other provinces, while in Heilongjiang, Liaoning, and Jiangsu, it was 0.486, 0.483, and 0.275, which were lower than others. This means that when under drought-induced conditions, Hubei, Henan, and Jiangxi were the most prone to drought-affected disaster; however, Heilongjiang, Liaoning, and Jiangsu were the least prone to drought-affected disaster. The P(R 3 |R 1 ) in Liaoning had the maximum value of 0.512, followed by Inner Mongolia of 0.414, Hunan of 0.405, and Heilongjiang of 0.285, while the P(R 3 |R 1 ) in Jilin had the minimum value of 0.134, followed by Jiangsu of 0.136, Henan of 0.171, and Hebei of 0,173. Under the condition that drought-affected risk occurred, Liaoning, Hunan, and Inner Mongolia were the provinces most prone to lost harvest disaster, with the P(R 3 |R 2 ) being 0.247, 0.231, and 0.230, while Jiangsu, Jilin, and Hebei being the ones least to lost harvest disaster, with the P(R 3 |R 2 ) being 0.087, 0.084, and 0.037. Figure 7 shows the provincial spatial distribution of the conditional probability values of P(R 2 |R 1 ), P(R 3 |R 1 ), and P(R 3 |R 2 ). The spatial distribution of the conditional probability values of P(R 3 |R 1 ) was almost consistent with that of P(R 3 |R 2 ), while far from that of P(R 2 |R 1 ).
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Discussion
The correlations between F and Y1, Y2, Y3 at different timescales were quite different, presumably due to the differences in natural environment and the variety of crops planted among the provinces. Results showed that the correlations between F and Y1, Y2, Y3 were relatively high at the short time scales (1-month, 3-month, 6-month, 9-month, 12-month) in most provinces, but the correlation were relatively low for long timescale (24-month). The causes were that SPEI reflected the water content of vegetation and the soil moisture status at the short-term scale, which is closely related to agricultural production. SPEI at longer timescales, reflecting the reservoir's water storage capacity and groundwater level, has less impact on agriculture drought disasters, and may not be a proper index of agriculture drought conditions [34] . Therefore, the short timescales of SPEI selected for defining 
The correlations between F and Y 1 , Y 2 , Y 3 at different timescales were quite different, presumably due to the differences in natural environment and the variety of crops planted among the provinces. Results showed that the correlations between F and Y 1 , Y 2 , Y 3 were relatively high at the short time scales (1-month, 3-month, 6-month, 9-month, 12-month) in most provinces, but the correlation were relatively low for long timescale (24-month) . The causes were that SPEI reflected the water content of vegetation and the soil moisture status at the short-term scale, which is closely related to agricultural production. SPEI at longer timescales, reflecting the reservoir's water storage capacity and groundwater level, has less impact on agriculture drought disasters, and may not be a proper index of agriculture drought conditions [34] . Therefore, the short timescales of SPEI selected for defining drought are reasonable in this study.
The provincial spatial distribution of agriculture drought risk in the major grain production areas of China is closely related to meteorological factors. As shown in Figure 8 , the annual average precipitation and the annual average temperature values both gradually increased from north to south, with the common spatial distribution characteristics of low in the northern, moderate in the central part, and high in the southern provinces, which were opposite to the drought risk pattern. We also analyzed the linear relationship between provincial agricultural drought risk and meteorological factors in the major grain production areas of China (Figure 9 ). Agricultural drought risk (including drought-induced, drought-affected, and lost harvest risks) and meteorological factors (annual average precipitation and annual average temperature) all showed a negative relationship. Results showed that there were good linear relationships between drought-induced risk and annual average precipitation, and between drought-affected risk and annual average precipitation; the correlation coefficients were 0.6343 and 0.494, respectively. The relationship between lost harvest risk and annual average precipitation was not good, with the correlation coefficient being 0.2783. Meanwhile, the correlation coefficients between drought-induced risk, drought-affected risk, lost harvest risk, and annual average temperature were 0.6688, 0.4981, and 0.1197, respectively. Therefore, it can be concluded that precipitation and temperature have a great impact on drought when it is under drought-induced risk or drought-affected risk. As the drought continued to develop, the correlation coefficient became lower. Zeng ZQ et al. concluded that the main meteorological reason for the high frequency of extreme drought was the combined effect of abnormal decreases in rainfall and continued increases in temperature [29] . Wang HJ et al. indicated that drought in China was mainly concentrated around the changes in light and moderate drought and wind speed, precipitation, temperature were the most sensitive variable in northwest China, while in south China it was precipitation, followed by wind speed, temperature, relative humidity, and sunshine duration [44] . So we could infer that in the Chinese conditions, the lack of precipitation in the north has a stronger drought effect than the increase in temperatures towards the south. What is more, the difference of region economic development was also the cause of spatial diversity of drought risk. For backward economic and poor agricultural infrastructure in the northern and central provinces, the crops were mainly based on rain-fed agriculture, resulting in high drought risk. Meanwhile, in the southern provinces with developed economy, more irrigation facilities and advanced water management for preventing drought had relatively lower drought risk [45] . The spatial distribution of the conditional probability values was irregular, mainly because of the different drought-restricted strategies and measures adopted in different provinces. This can provide better assessment and monitoring of early stage of drought, which can help improve warning about preventing or mitigating the furthered adverse impacts of drought. Besides, the decision-making of the administrative departments is crucial in relation to drought prevention and management under climate change. Although drought may become more and more serious in the future, drought damage rates may not increase if more advanced irrigation facilities are constructed and water management applied. measures adopted in different provinces. This can provide better assessment and monitoring of early stage of drought, which can help improve warning about preventing or mitigating the furthered adverse impacts of drought. Besides, the decision-making of the administrative departments is crucial in relation to drought prevention and management under climate change. Although drought may become more and more serious in the future, drought damage rates may not increase if more advanced irrigation facilities are constructed and water management applied. Agricultural drought hazard is the comprehensive reflection of many kinds of drought (i.e., meteorological, soil, hydrological), so it is difficult to accurately quantify agricultural drought risk by a single drought index. In recent years, there has been an increasing trend that emphasizes the combined role of drought hazard and drought vulnerability to conduct a risk assessment. For example, Zeng et al. assessed agricultural drought risk by combining the role of drought hazard (calculated by the intensity and frequency of drought) and agricultural drought vulnerability in southwest China [29] . David et al. presented a method for obtaining indices and maps of vulnerability to drought in Mexico; indices and maps were based on a set of socioeconomic and environmental indicators [46] . In the present study, we applied Standardized Precipitation Evapotranspiration Index (SPEI) as drought index to assess agricultural drought risk and combined drought hazard and agricultural drought vulnerability for agriculture drought risk evaluation, which was similar to previous studies like Zeng et al. in theoretical basis, that both drought hazard and drought vulnerability were combined to assess drought risk in southwest China. However, the methods of drought vulnerability calculation differed from each other. In the paper from Zeng et al. , agricultural drought vulnerability indexes were integrated with high-resolution soil properties, climate, topography, irrigation, and gross domestic product using weights analysis, while the information distribution and the two-dimensional normal information diffusion methods were employed to establish the vulnerability curve between drought strength and drought damage rates in this paper. Information diffusion can compensate for the deficiency in sample information and can change a traditional data set into a fuzzy set by optimizing the use of the sample. Such an approach for Agricultural drought hazard is the comprehensive reflection of many kinds of drought (i.e., meteorological, soil, hydrological), so it is difficult to accurately quantify agricultural drought risk by a single drought index. In recent years, there has been an increasing trend that emphasizes the combined role of drought hazard and drought vulnerability to conduct a risk assessment. For example, Zeng et al. assessed agricultural drought risk by combining the role of drought hazard (calculated by the intensity and frequency of drought) and agricultural drought vulnerability in southwest China [29] . David et al. presented a method for obtaining indices and maps of vulnerability to drought in Mexico; indices and maps were based on a set of socioeconomic and environmental indicators [46] . In the present study, we applied Standardized Precipitation Evapotranspiration Index (SPEI) as drought index to assess agricultural drought risk and combined drought hazard and agricultural drought vulnerability for agriculture drought risk evaluation, which was similar to previous studies like Zeng et al. in theoretical basis, that both drought hazard and drought vulnerability were combined to assess drought risk in southwest China. However, the methods of drought vulnerability calculation differed from each other. In the paper from Zeng et al. , agricultural drought vulnerability indexes were integrated with high-resolution soil properties, climate, topography, irrigation, and gross domestic product using weights analysis, while the information distribution and the two-dimensional normal information diffusion methods were employed to establish the vulnerability curve between drought strength and drought damage rates in this paper. Information diffusion can compensate for the deficiency in sample information and can change a traditional data set into a fuzzy set by optimizing the use of the sample. Such an approach for agriculture drought risk assessment may be superior to traditional historical data-based methods because of the limited and insufficient observational data. What is more, if regional meteorological data can be predicted accurately by constructing the vulnerability curve, the drought damage rate can be estimated accordingly. As the vulnerable curves between drought strength and drought damage rates varied, along with the climate change and drought risk management levels, the current vulnerable curve should be sustained updated based on the latest data. According to regional vulnerability characteristics, it can provide the basis for optimizing distribution of irrigation water resources and drought risk management, which would be beneficial to agricultural organizations, disaster management, and planning authorities. As the data are based on the provincial level, we can focus on the provincial level to provide scientific guidance for water resources and food management departments in different administrative regions. Besides, the average provincial risk values (R 1 , R 2 , R 3 ) and the spatial distributions were obtained, which could provide guidance for the construction of national water transfer projects and water resources management in different areas. Furthermore, through conditional probabilities in each province, a reference for early warning of the likelihood of further aggravated drought can be provided. Nowadays, climate change impacts almost every part of our society-political, economic, ecological, social, cultural, technological, environmental, etc. As a consequence, there should be broad and integrated strategies for mitigating the impacts and adapting to climate change. Therefore, the socio-economic dimension should be an integral part of climate change discussion. Current literature on climate change is less than balanced among domains of scientific and human thought. This will probably change in the future, since the adaptation strategies are becoming an increasing concern in the scientific community. This article considered hazard factor and socio-economic factors on assessing drought vulnerability and it could provide suggestions that may be relevant for redefining policies aiming to improve water security at the main production areas of China. As the decision-making of the administrative departments is crucial in relation to drought prevention and management under climate change, drought damage rates may not increase if more advanced management is applied [47, 48] .
However, this article also has some shortcomings. Firstly, the provincial SPEI values were obtained by average SPEI of the sites using the Tyson polygon method. This may obliterate the characteristics of some sites and further produce some errors. We attribute these to the uncertainty of the research results. In addition, the normal diffusion function reflects a uniform diffusion process. However, most of the diffusion processes are asymmetric structures among the elements under practical applications. Therefore, it is necessary to consider the different diffusion velocity and modes at different directions, that is, the asymmetric diffusion of information for further study.
Conclusions
Agricultural drought is the primary disaster affecting grain production, resulting from meteorological drought and the vulnerability of the agricultural production system to meteorological drought. In this study, information distribution and the two-dimensional normal information diffusion methods were employed to establish the vulnerability curve between drought strength based on SPEI and agriculture drought damage, and then provincial drought risks and the conditional probabilities at different drought damage stages were obtained in the main grain production areas of China. The results showed that the drought vulnerability curve was nonlinear. With the increase of drought strength, drought damage rates increased rapidly at the beginning, and after a small fluctuation locally, they no longer increased significantly and tended to be relatively stable.
The provincial drought risk spatial distributions in the main grain production areas of China presented great differences, with the characteristics of high in the northern, moderate in the central and southwestern, and lower in the southeastern provinces. The provincial drought risks revealed that Inner Mongolia, Jilin, and Liaoning were the provinces most prone to drought-induced risk, with the R 1 being 0.351, 0.346, and 0.309, while Hubei, Hunan, and Jiangxi were the ones least prone to drought-induced risk, with the R 1 being 0.157, 0.156, and 0.093, respectively. The R 2 in Jilin, Inner Mongolia, and Liaoning were 0.217, 0.195, and 0.149, which were higher than those in other provinces, while the R 2 was 0.089, 0.066, and 0.063 in Hunan, Jiangsu, and Jiangxi, which were lower than others. The R 3 in Inner Mongolia had the maximum value of 0.081, followed by Liaoning of 0.066, and Heilongjiang of 0.037, while the R 3 in Jiangxi had the minimum value of 0.009, followed by Jiangsu of 0.016, and Hunan of 0.022. Through cause analysis, it has been inferred that in the Chinese conditions, the lack of precipitation in the north has a stronger drought effect than the increase in temperatures towards the south. Besides, the difference of regional economic development was also the cause of spatial diversity of drought risk.
